Detecting foot-ground contact is important for inertial motion capture systems because it can provide kinematic constraints to improve human motion capture accuracy. The popular contact detection methods based on zero-velocity detection are only applicable to applications with regular movement patterns, such as pedestrian dead reckoning and gait analysis. As for arbitrary locomotion in motion capture, reliable foot-ground contact detection for universal inertial motion capture is challenging in the presence of motion kinematics and dynamics estimation errors. This paper proposes a novel foot-ground contact detection method for inertial motion capture by the fusion of inaccurate estimations of body kinematics and dynamics with a Naive Bayes probabilistic contact model. Based on physical analysis of contact, a series of kinematic and dynamic motion features calculated from motion capture are considered as observations of contact status classification. The proposed framework consists of offline model training based on a constructed labeled multi-person foot contact dataset, real-time contact detection, and an online model adaptation mechanism for enhancing detection performance of different users and setups. Quantitative evaluations of the proposed contact detection method are presented, and the resulting average foot-ground contact detection accuracy among various locomotion is 95.8%.
I. INTRODUCTION
Inertial motion capture technology has been widely used in human motion measurement and 3D character animation nowadays [1] , [2] . Compared to the gold standard marker-based optical motion capture system, inertial motion capture is easy to use under various conditions, but has disadvantages in motion reconstruction accuracy [3] . Conventional inertial motion capture combines the acceleration and attitude measured by multiple Inertial Measurement Units (IMUs) using an Extended Kalman Filter (EKF) to obtain the position of the human body [4] , [5] . However, due to the lack of position measurement, inertial motion capture has an inevitable positional cumulative error [6] . Besides, the captured human The associate editor coordinating the review of this manuscript and approving it for publication was Zhong Wu. posture also suffers from estimation errors due to inaccurate sensor-to-body installation parameters and soft tissue artifacts during movement [7] , which can cause displacement distortion problems such as foot sliding or jitter when the foot contacts the ground.
In order to improve the overall accuracy of inertial motion capture, contact detection between the human body and the environment is essential. Contact detection results can provide kinematic constraints in the sensor fusion of motion capture to reduce the uncertainty of the global position. Contact detection is also important for other applications such as single IMU-based pedestrian dead reckoning (PDR), gait analysis, and legged robot control.
The contact detection methods use motion features for contact status inference, which can be directly measured by wearable sensors or estimated by human kinematics and dynamics.
In PDR, motion capture and gait analysis, kinematic measurements and estimations of human motion, such as body segment height, velocity, and acceleration, are usually used as input data for contact detection in systems with inertial sensors [8] , [9] . Ground reaction forces (GRFs) applied to the human body are also used as evidence of contact with the environment. In gait analysis and legged robot control, GRFs can be measured by using instrumented shoes [10] , [11] , pressure insoles [12] , [13] , or estimated through inverse dynamics and optimization calculations based on body kinematics data [14] - [16] .
In terms of the data processing algorithms, one type of contact detection method relies on the customized criteria or patterns of motion features. Zero velocity (ZV) algorithms are the most commonly used techniques in the field of PDR for contact detection. In some studies, thresholds are used for measurements of foot-mounted IMU sensors and time duration to detect ZV [17] , [18] , and the thresholds are adapted to the individual gait in real-time according to the gait speed [19] . Andrews et al. used velocity criteria to detect a ZV point on the human body surface in a hybrid motion capture system [20] . Feature detection methods have also been developed for recognizing gait phases based on selective features calculated from IMU and GRF measurements [21] , [22] . The above approaches based on motion feature criteria or patterns usually aim at repetitive movement patterns, such as regular or abnormal gait, which may not be feasible for arbitrary locomotion.
On the other hand, probabilistic and machine learning methods are proposed to construct contact models for contact detection. For single feature cases, Camurri et al. proposed a probabilistic contact detection method for quadruped robots that learns a logistic function the maps the leg GRF estimations to the contact probabilities [23] . When multiple motion features are observable, probabilistic inference based on the Naive Bayes assumption is commonly used for data fusion. In commercial product Xsens MVN and Miezal et al.'s work, the contact probability of the body segment is calculated based on the position, velocity and acceleration of relevant body landmarks using a Bayesian inference [4] , [24] . However, the contact probability function in current motion capture methods is custom designed rather than trained from the dataset. Moreover, Hidden Markov models (HMMs) are widely used in PDR, gait analysis, and legged robot control for sequential contact state modeling [10] , [25] - [28] . Neural network-based contact detection methods have also been studied for gait analysis, and multilayer neural networks are trained for end-to-end mapping from kinematic sensor inputs to gait phase [29] , [30] .
Although many related contact detection methods have been developed for PDR, gait analysis, and legged robot control, there are relatively few studies in the field of motion capture. Reliable foot-ground contact detection for universal inertial motion capture is challenging for two reasons: first, there is no fixed motion pattern in complex scenarios of arbitrary locomotion; second, the presence of motion kinematics and dynamics estimation errors. In addition, the field of motion capture lacks quantitative evaluations of existing contact detection methods. To address these limitations, we present a novel foot-ground contact detection framework for inertial motion capture on a single-level plane that utilizes a probabilistic model to fuse mixed features based on inaccurate body kinematics and dynamics estimations. The main contributions of this paper are: (1) the construction of a labeled contact dataset of various locomotion for training and quantitative evaluation of contact detection algorithms;
(2) the probabilistic modeling of the relationship between motion features and contact status based on the constructed contact dataset; (3) the development of a real-time contact detection method with online learning capability to adapt the model parameters to the personalized scenario.
The content of this paper is organized as follows. Section II proposes the general workflow of the proposed method. Section III presents the probabilistic contact model based on the Naive Bayes assumption of motion features. Section IV introduces the calculation of motion features based on human biomechanical model, kinematics and dynamics. Section V shows the construction of the labeled foot contact dataset and the model training process. Section VI introduces the online update method for the model based on real-time personalized data. Section VII presents the experimental results of contact detection and related discussions. Finally, section VIII summarizes the work.
II. CONTACT DETECTION WORKFLOW
In this study we consider the foot contact detection problem as a classification problem. The goal is to develop an accurate and robust classifier that takes motion capture results as inputs and predicts the contacts status of each foot. The general workflow of the proposed contact detection method is presented in Fig. 1 . The proposed method consists of three main modules: offline model training, real-time contact detection, and online model adaptation.
In offline model training, a foot contact dataset including motion features and contact status true values is constructed, and a weighted Naive Bayes classifier (WNBC) based on the Naive Bayes assumption of motion features is trained. In the real-time process, the trained model is used to determine both the body-ground and foot-ground contact status, where the body-ground contact status will be treated as a constraint for foot-ground contact status. In addition, in order to improve the model performance of different users and sensor setups, partial model parameters are updated online based on personal historical data to realize an adaptive weighted Naive Bayes classifier (AWNBC). We will introduce each of these modules in the following sections.
III. PROBABILISTIC CONTACT MODEL
Taking into account the inaccuracy of observations and estimations of human motion, we adopt a probabilistic model to estimate contact status in this paper. This model integrates data-based reasoning and a priori physical knowledge of contact. In this section, we propose the general framework of the probabilistic contact model and related motion features used for contact detection.
A. PHYSICS OF CONTACT
Generally, there are two types of contact between the human body and the ground during movement: sticking contact and sliding contact. For a sticking contact, there exists a geometrical fixed point on the human body that has zero velocity during contact, and the interaction force with the ground including both normal force and static friction force. Sticking contact is the most common form of contact, which provides kinematic constraints on the human movement.
Since the purpose is to improve the inertial motion capture accuracy of human locomotion, this paper will develop a foot-ground sticking contact detection method for human locomotion on a single-level plane. Considering sticking contact between feet and the ground, the contact point(s) on the foot has specific characteristics. From a kinematic point of view, the contact point(s) should be the lowest point(s) on the foot contour, ideally with zero velocity and zero height. From a dynamic point of view, normal GRF exists at contact point(s). Observations of these motion characteristics could help determine the contact status.
In addition, according to Newton's second law, the contact status between the whole body and the ground can be determined by Acceleration of the body Center of Mass (ACM). Here, we define the body-ground contact status refers to whether any part of the body is in contact with the ground, and the foot-ground contact status refers to whether each foot is in contact with the ground. Since the body ACM can be easily estimated from accelerometer measurements in inertial motion capture, the judgment of body-ground contact status is generally more reliable than the contact status of each foot. Therefore, the contact detection problem in this paper is decomposed into two sub-problems: body-ground contact detection and foot-ground contact detection. The result of body-ground contact will be considered as a constraint on the foot-ground contact detection. That is, if the body-ground contact detection result is off-ground, then the feet are not contact. Otherwise, at least one foot should contact the ground. In this paper, both body-ground and foot-ground contact detection will be developed and analyzed.
B. MOTION FEATURES
According to the physics of contact, there are a series of observable kinematic, dynamic, and temporal features of human motion associated with the contact status. These features can be measured or estimated based on the motion capture results. The information that each motion feature could provide about contact detection is different in nature, so all relevant motion features in this study are divided into two categories.
For one group of features (group Y ), the distribution of feature value is related to the contact status and can be modeled with Gaussian-like functions. For example, low velocities are more likely to occur during foot contact. For some features, the likelihood function also depends on the dynamic level D. For example, the larger the motion dynamic level, the larger the foot velocity at the time of contact may be. We further divide the group Y into Y A and Y B , where the features in Y A are independent of the motion pattern for a given contact status, and the features in Y B depend on the motion pattern.
On the other hand, considering the observation of the other group of features (group Z ), the probability of the contact status can be inferred from the physical knowledge of contact. However, the likelihood function of feature group Z usually has no physical meaning or cannot be modeled with a simple function such as a Gaussian function. For example, the greater the relative height of the feet, the lower the probability that the higher foot will contact the ground. However, given the contact status of one foot, the relative height of the feet obviously does not follow any distribution. Now we consider the motion features associated with body-ground contact detection. A total of five features are considered in the body-ground contact model, including: total normalized GRF, height of the lowest point of feet, minimal velocity of the lowest point of feet, minimal acceleration of feet, and sensor impact. GRF estimations are normalized to body weight for consistency of different subjects. When the body contacts the ground, it is most likely to obtain a total GRF close to the body weight, and the contact point height, velocity and acceleration estimations should be close to zero. When the body is off-ground, the total GRF estimation should be almost zero. While the group Y features may not approach fixed value during off-ground, they may follow some distribution which can be estimated from the training dataset. Besides, if a sensor impact signal is detected in any of the feet, the probability of contact occurs is large. This type of inference rule provides information on the contact posterior probability given the value of group Z features. The relationship between motion features and body-ground contact status are summarized in Table 1 .
For foot-ground contact detection, a total of six features are considered: foot GRF, velocity of the lowest point of foot, foot acceleration, feet height difference, ankle torque under single stance, and sensor impact. Similarly, the foot lowest point should be close to zero velocity and acceleration in contact. The foot GRF may be equal to the body weight or half of it depending on whether it is a single stance or double stance condition. Feet height difference and ankle torque also provide information on the contact posterior probability in physically plausible continuous contact. The feature information is summarized in Table 2 .
C. CONTACT MODEL
Although foot contact points have clear physical characteristics, accurate contact detection is challenging in the presence of human kinematics and dynamics estimation errors. For reliable contact detection based on data fusion, we consider contact detection as a classification problem based on a probabilistic model. The relationship between contact status and motion features is shown in Fig. 2 , where each arrow indicates a dependency. Estimations of body kinematics and dynamics are considered as observed features as a result of the contact status.
To simplify conditional probability calculations, we adopt a strong independence assumption between motion features to construct a Naive Bayes classifier (NBC). Naive Bayes assumes that motion features X = {X 1 , X 2 , . . . , X n } are conditionally independent given a contact status class C. It is a binary classification problem where C = 1 means body or foot is in contact with the ground and C = 0 means off-ground. Based on the Bayes' theorem and the independence assumptions, the posterior probability of the contact status P(C|X ) can be calculated as (1) given the likelihood of each feature P(X i |C), the prior probability of the contact status P(C), and the evidence of features P(X ).
Conventional NBC trains likelihood functions with maximum likelihood estimation (MLE) directly based on labeled dataset without exploiting any prior knowledge between features and classes [31] . To better integrate the physical characteristics of contact, we use a hybrid approach to build the model. All observed features are grouped into two subsets
For group Y , the conditional probability of the feature value for a given contact status, i.e. the likelihood, P(Y i |C) and P(Y j |C, D) will be obtained from the contact dataset through MLE. For group Z , the conditional probability of the contact status under given feature value, i.e. the posterior probability, P(C|Z k ) can be manually specified based on the physical knowledge of contact. Through this division, the posterior probability of contact is further calculated as (2) .
So far, the contact model is based on the assumption that all features in the model are equally important, which is hardly true in practical applications. In order to relax the independence assumption to enhance the classification capability, we adopted feature weighting in the Naive Bayes model [32] . Feature weighting is a technique used to approximate the optimal degree of influence of an individual feature using a training set. A continuous value weight w i between 0 and 1 is assigned to each feature as a weighting factor. This weight of the feature i is obtained as the production of feature confidence λ i and feature significance η i as given in (3). Here, the feature confidence and feature significance are both positive values between 0 and 1. The feature confidence is evaluated based on an estimation error analysis of motion capture kinematics and dynamics calculations. The smaller the feature estimation error, the higher the confidence. The feature significance will be trained from the contact dataset to optimize classification accuracy. When successfully applied, the relevant features are attributed to high significance values, while the irrelevant features are given a significance value close to zero. Finally, contact detection is modeled as a classification problem with the WNBC given as (4) . The resulting contact status is the one with maximum posterior probability given all feature observations.
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IV. MOTION FEATURE CALCULATION
Motion features including both kinematics and dynamics of the human body are considered as observations of the contact detection problem in inertial motion capture. This section introduces the human biomechanical model for motion capture, as well as calculations of human kinematics and dynamics. The confidence in the estimation of the motion features is also evaluated.
A. BIOMECHANICAL MODEL
A biomechanical model represents the human body as consisting of body segments connected by joints. The model used in this paper compromises 21 rigid segments (bones) as shown in Fig. 3 (a). In inertial motion capture, a total of 17 IMUs are attached to different segments of the body.
Since the contact point should be the lowest point of the foot surface, we identified 10 extend points to represent a rough estimation of the foot contour. Specifically, two points are chosen for the toes (near the hallux and the fourth toe), three for the forefoot, and five for the heel, as shown in Fig. 3(b) . For contact detection, only the lowest extend point of each foot is checked in the calculation.
B. KINEMATICS ESTIMATION
For body kinematics estimation, a segment-centered EKFbased human motion capture algorithm is used [5] . This method estimates global segment position and velocity using a constant angular velocity and constant acceleration motion model, which integrates all segment acceleration, angular velocity, and orientation estimations. The state vector in the EKF includes the segment center position and velocity. The kinematic constraints in the biomechanical model that assume that body segments are linked at the joint are used as pseudo measurement equations in the EKF. Through the obtained body kinematics measurements, the position and velocity of the foot extend points in the global frame are calculated as (5) and (6), where W x Foot and W v Foot are the position and linear velocities of the foot center calculated from the EKF, respectively, W ω Foot and Foot W q are foot angular velocity and orientation calculated from sensor measurements, and Foot r ext,i is a vector from the foot bone center to the i th extend point in the segment frame. ⊗ denotes quaternion multiplication and * denotes complex conjugate of quaternion. Body center of gravity (COG) position and acceleration can also be obtained as a weighted sum of the center position and acceleration of all segments under a pre-defined body mass distribution [33] .
As mentioned earlier, the dynamic level of human motion affects the distribution of some motion features, such as the foot lowest point velocity during contact. Since this paper focuses on human locomotion, especially lower limb movement, pelvis velocity is used to assess the human dynamic level. The dynamic level D of human motion is defined as the average pelvis velocity over a period of time calculated as (7), where is the floor function, W v pelvis is the global pelvis velocity magnitude, and the time window size set to 0.3 s to track the transient status.
In additional to body kinematics estimation, human body dynamics data, especially GRFs, are also important information for contact detection during motion capture. For each contact i, a contact wrench
including a ground normal force N i , a surface tangential static friction force f i , and a contact torque τ c,i is considered. To avoid computationally complex whole-body inverse dynamics calculations, we used a contact force estimation method that treated human COG as a floating base and solved contact forces at feet potential contact points [34] .
Assuming that the human body is a single point mass at the COG, the equation of motion of the body COG is given as (8) according to the Euler-Lagrange method of dynamics. Here, q,q,q ∈ R 6 are the generalized coordinates, velocity, and acceleration of the rigid body, respectively. M(q) ∈ R 6×6 is the mass matrix, h(q,q) ∈ R 6×1 is the Coriolis, centrifugal forces and gravity term, and J i is the i th contact Jacobian matrix in the potential contact point set P including the lowest extend points in both feet. The dynamics equation can be rewritten to (9) using the point-mass assumption of the floating base, where M is the total body mass, a COG , g ∈ R 3 are the COG and gravity acceleration vector, R i is the vector from the COG to the i th contact point, and 0 3 is a column vector of three zeroes.
The total GRF of the whole body can be easily obtained as the sum of the contact forces at all potential points using (9) . However, it is challenging to calculate accurate GRF of each foot due to noisy kinematics estimations and undetermined dynamic equilibrium equations during the double stance condition. When there are multiple contacts on the human body, there is a GRF redundancy issue, which means that the number of GRFs to be solved is greater than the number of degree of freedom (DOF) of equations of motion. In order to reduce the ambiguity of the solution space, the ''minimal principle'' is often used in current solutions [35] . In this paper, we solve the dynamic equilibrium equation by assuming the human body as a point mass at the COG and minimizing the total frictional force and contact torque. The cost function is given in (10) , with an emphasis on the calculation of the normal forces (i.e. GRFs). The problem is illustrated in Fig. 4 , and the cost function can be decomposed, where V (f L ) is only a function of frictional forces. Here, N L , N R , f L , f R , τ c,L , and τ c,R are the normal force, the friction force, and the contact torque of left and right foot, respectively. Distance variables S L , S R , h, and d are illustrated in Fig. 4 . a n , a ⊥ , and a are ACM projections on the axes of local Cartesian coordinate system represented by v n , v ⊥ , and v in Fig. 4 . As a result, the physically plausible analytical solution of the foot GRFs are obtained as (11) and (12) without considering the friction cone constraint.
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In addition, human ankle joint provides active power primarily during plantar flexion, and the peak torque has physical limits. To avoid ambiguous solutions of inverse dynamics in the double stance condition, we calculate the ankle torque under the hypothesis of single stance condition for each foot instead. The ankle torque obtained under single stance also gives information about the contact status. The more the torque deviates from the feasible torque range, the more likely the single stance hypothesis is rejected, that is the greater probability of the other foot contacts the ground.
D. CONFIDENCE OF ESTIMATION
In inertial motion capture, a strong physical impact during initial contact may cause foot inertial sensor reading to jerk and oscillate. In this case, the foot kinematics calculation will have a large error, which may affect the contact detection results. Thus, in this paper we define kinematic confidence λ kin to indicate the reliability of foot velocity and acceleration estimations. A simple threshold method is used to identify sensor impact during motion capture based on sensor measurements, where acceleration and angular velocity measurement jump thresholds a tol = 3g and ω tol = 500 • /s are obtained from IMU sensor impact experiments. The impact effect on the sensor readings is usually attenuated within τ imp = 0.1s, so the kinematic confidence will gradually increase during this period.
In the meanwhile, the calculation error of body posture, COG position and ACM in the inertial motion capture will affect the accuracy of the body dynamics results. Thus, we also define dynamic confidence λ dyn to indicate the accuracy of GRF calculations. According to (11) and (12), the GRF estimation error can be analytically calculated as (13) . Consider the constant error exists in position estimation and acceleration measurements, and then GRF estimation error is almost proportional to the reciprocal of distance between two feet S L + S R . The formula for estimating the dynamic confidence is given as (14) , where S is the sigmoid function, S min is a threshold of 0.3 m, and α S is a ratio with a value of 5.0. With these parameters, a feet distance of 1.0m maps to a dynamic confidence of 97%. Generally, when the feet distance approaches positive infinity, the GRF estimation error approaches zero, and the confidence approaches one. Otherwise, when the feet distance approaches zero, the estimation error becomes infinity, and the confidence decrease s to a value close to zero.
V. CONTACT MODEL TRAINING
In this section, we present the training process of the proposed WNBC model. According to the classification formula (4), there are four groups of parameters need to be determined in the model: contact prior P(C|D) and P(C), feature likelihood function P(Y i |C) and P(Y j |C, D) for group Y features, feature posterior probability function P(C|Z k ) for group Z features, and feature weight w i .
A. FOOT CONTACT DATASET
In order to investigate the relationship between motion features and contact status, a motion capture dataset with labeled contact status is required. Since there is currently no such dataset available in the field of motion capture, we constructed a contact dataset of various locomotion from multiple subjects based on the full-body inertial motion capture Perception Legacy and a pair of customized pressure insoles, as shown in Fig. 5 . The pressure insole with four Force Sensing Resistors (FSRs) installed in different locations is designed to measure the plantar pressure during human movement. However, pressure insole measurements in arbitrary locomotion of universal motion capture may suffer from problems such as residual stress, stress caused by foot arch bend during swing, and missing measurements due to the limited pressure sensor number. Other force measurement solutions include instrumented shoes with force-torque sensors and floor-mounted force plates. They are either too bulky for large dynamic movements, or have restricted motion capture area, and are not suitable for universal motion capture contact dataset construction.
Five subjects participated in the data collection sessions, and conducted three types of regular locomotion including walk, run, and jump. Each type of locomotion was captured 3 times with each session lasting about one minute. In the meanwhile, the subjects' movements were also recorded by slow-motion video as a reference. The captured movement and GRF data are synchronized at a fixed frame rate of 100 Hz by detecting the impact signal of stomping at the beginning and end of each session. In total, the entire dataset contains about 50,000 frames of motion and GRF data.
The GRF of a foot is simply calculated as the weighted sum of the FSR measurements in the insole [13] . Although we developed a dynamic threshold-based algorithm to process the pressure insole data to obtain the contact status, it cannot grantee correct contact results. Thus, it is still necessary to manually label contact status according to the slow-motion video based on the processed data to finally obtain the contact status ground truth.
B. FEATURE LIKELIHOOD ESTIMATION
Based on the observation of the actual distribution of the feature values in the contact dataset, the distribution assumption of features given the contact status is listed in Table 1 and 2. For Gaussian and truncated Gaussian likelihood functions, the MLE method is used to estimate the parameters. The inverse gamma distribution is used to achieve better precision in modeling an asymmetric feature distribution of the foot point velocity and foot acceleration distribution in each dynamic level. In addition, GRF likelihood functions with multiple peaks are represented by Gaussian Mixture Model (GMM) and trained using the Expectation-Maximization algorithm from the dataset. The feature distribution and likelihood estimation results of body-ground contact and foot-ground contact are shown in Fig. 6 . As a result, the feature likelihood function estimations show good approximation to the actual conditional probability distribution.
For the group Y B feature, the distribution and likelihood function is estimated for each dynamic level separately. As shown in the results, the distribution of the foot lowest point velocity and the foot acceleration during contact depends on the dynamic level of human motion. In order to model this relationship, the mean and standard deviation of the feature distribution are linearly fitted using least square method at each dynamic level as given in (15) , where d and k are the linear fitting intercept and slope vectors for parameter vector θ. All data except the standard deviation of dynamic level 0 fits well as presented in Fig. 7 . Therefore, these feature likelihood functions can be modeled as linear functions of dynamic levels as shown in (16) . 
C. CUSTOMIZED POSTERIOR PROBABILITY
In addition to motion features with particular distribution for a given contact status, other features may provide information to directly infer the contact status probability. Considering the single-level foot-ground contact problem, the lower foot usually has a greater chance of contact. Thus, if the height difference between the feet is large, the contact probability of the higher foot is small. However, if the height difference is within the error tolerance, the contact status is independent of the height difference. Based on these inference rules, the posterior probability of the contact status given the feet height difference is specified as a sigmoid function as shown in Fig. 8(a) , with a height difference threshold h 0 = 0.5m. For example, if the right foot lowest point is higher than the left foot lowest point and the height difference is larger than the threshold, then the posterior contact probability of the right foot gradually approaches zero as the height difference increases. Similarly, if the ankle torque under the single stance assumption is outside the feasible torque range, the contact probability of the other foot will increase and approach one as the deviation increases. The posterior probability of ankle torque is shown in Fig. 8(b) , with the torque threshold τ max = 100Nm is obtained from human gait analysis. In addition, if a sensor impact is detected, the contact posterior probability is set to 0.95 based on experiences for initial contact.
D. FEATURE WEIGHTING
Based on the obtained likelihood function and the posterior probability of all features, two NBCs for body-ground and foot-ground contact status classification are constructed based on the discriminant criteria (4) proposed in the contact model. The weights of WNBC are assigned using an information-theoretic filter method based on Kullback-Leibler (KL) divergence [33] . The KL divergence of a feature value KL(C|x) is the average mutual information between the contact status C and the feature value x, wherein the expectation with respect to the posteriori probability distribution of C is calculated as (17) . It represents additional contact information provided by feature observations compared to the contact prior. Therefore, the significance of a feature is defined as the information gain ratio of the feature on contact detection, i.e. the ratio of the additional contact information provided by the feature to the intrinsic information of the feature. The significance of feature i is calculated as (18), where H is entropy and Z is a normalization constant.
To investigate the actual contribution of each feature in the classification, we further define the contribution of each feature ϕ t (x i ) as the discriminating ability of the feature in the classification at a specific time. The feature contribution is calculated as the modified logarithm of the weighted likelihood ratio as given by (19) and (20) . A positive value means that the feature makes a positive contribution in the classification. The larger the value, the greater the contribution in the correct classification. The calculated feature weights and average feature contributions for the entire dataset for body-ground and foot-ground NBCs are presented in Fig. 9 .
The results indicate that the foot velocity has the largest weight in the body-ground contact detection, and also makes the most contributions in the classification. Although the total GRF has a relatively small weight, it is the most discriminating feature in the classification, and has an almost equal contribution to the foot velocity. The sensor impact contributes little to the overall judgment, which can be seen as a redundant feature dealing with bad cases with large motion estimation errors. For foot-ground contact detection, the foot GRF has the most significant contribution in the classification, and the features have similar weights.
E. CONTACT DETECTION WITH WNBC
Based on the obtained likelihood function, posterior probability and weight of all features, two WNBCs for body-ground and foot-ground contact status classification are constructed based on the discriminant condition (4) proposed in the general contact model. The body-ground contact status and foot-ground contact status are estimated, respectively. If the body-ground contact detection result is off-ground, then neither feet will contact the ground. Otherwise, if the body-ground contact detection result is contact, at least one foot should contact the ground. In this case, if the foot-ground contact detection results are both off-ground, the foot with a larger contact probability will be regarded as the contact foot instead.
VI. ONLINE MODEL ADAPTATION
Due to different individual motion patterns, inertial sensor characteristics, and sensor install setups, the actual motion features during contact and off-ground obtained from the inertial motion capture may follow a slightly different statistical model for each person. Thus, the generic contact model trained from the dataset may not perform the best in each scenario. To improve performance, an adaptive model that can learn from personal contact data in real-time is considered. Within the general contact model framework, contact prior and some kinematic parameters in the feature likelihood function are susceptible to different users, sensor setups, and motion scenarios, which will be estimated online.
A. CONTACT STATUS REPROCESSING
To obtain reliable feature data to train the model online without the contact status ground truth, contact status reprocessing is used to improve the contact detection accuracy of personal historical data. Contact status reprocessing is designed to eliminate noisy contact status and optimize contact status transition timing.
Taking into account the physical limits of human movement speed, a minimal duration of 0.05s is used to filter out isolated short-time contact or off-ground state. In addition, the contact status data is modified by locally searching for the impact and off-ground signals based on foot acceleration pattern to improve the timing of contact status transition. Based on empirical criteria, the impact signal is defined as a sudden increase of more than 50g/s in the rate of change of vertical foot acceleration in the upward direction. If an impact signal is detected within a 0.05s window near the original contact frame, the contact status will be modified according to the impact signal. Similarly, the off-ground signal is also identified and used for modification if the vertical foot acceleration is downward but its rate of change is upward and larger than 30g/s. An example of normal walking contact status reprocessing results is presented in Fig. 10 , which shows improved smoothness and accuracy of the contact detection results compared to the ground truth. Although it may not be possible to detect a transition signal for each contact event and to guarantee a more accurate contact detection result, the proposed reprocessing method contributions to an overall improvement in the detection performance observed in the experimental results.
B. ESTIMATION OF CONTACT PRIOR
The contact status prior probabilities are estimated online by the reprocessed contact results. The initial values of contact prior P(C = 1|D) and off-ground prior P(C = 1|D) for each dynamic level are set to 0.5. The body contact prior is simply calculated using MLE as (21) in real-time, where N t (D) is the total frames of dynamic level D and N t (C B |D) is the total body contact frames of dynamic level D at time t. Similarly, the foot contact prior can be calculated based on the feet contact frames as (22) .
C. ESTIMATION OF LIKELIHOOD PARAMETERS
Personalized motion patterns and sensor characteristics mainly affect the kinematic features likelihood under contact, particularly the likelihood functions of contact point velocity and foot acceleration. During motion capture, once enough data is collected in any dynamic level, the feature likelihood function at time t P t (Y |C, D) is online estimated based on (23) . First, the new kinematic and contact data collected in the dynamic level D are used to fit the parameters θ D,t of the likelihood function f Y according to MLE. Then, the actual parameters θ D,t are used to fit the linear function of (14) using the least square method to obtain the updated values of d t and k t . Finally, the feature likelihood functions are updated using new estimations of parametersθ t (D) of each dynamic level.
VII. EXPERIMENTS
Quantitative evaluation of contact detection methods in motion capture is generally lacking in the literature, partially due to the difficulty of obtaining the ''ground truth'' of contact. Based on the constructed foot contact dataset, we are able to evaluate the accuracy of the proposed contact detection method in a quantitative way. This section introduces the experimental design and results.
A. EXPERIMENT DESIGN
Generalization capability is important for a contact detection method for universal motion capture. Since the actual motion capture scenario may contain arbitrary locomotion with or without a regular pattern, the proposed method should be able to produce reliable contact detection results in various scenarios. We design the experiments by considering the following principles: The contact dataset used for model training includes three types of basic locomotion, i.e. walking, running, and jumping, from five subjects with a total of about 50,000 frames. The testing dataset collected from three other subjects contains a wider range of complex movements, such as football, basketball, and fighting, in addition to basic locomotion to verify the accuracy and generalization capability of the proposed method. The testing dataset contains about 100,000 frames of motion and contact data.
For quantitative comparisons, we implemented the most relevant and representing study of foot contact detection for universal motion capture in the literature. We also presented the contact detection results of the commercial inertial motion capture suit Perception Legacy, which we used for the experiments. In summary, six contact detection methods are tested and compared, including reference algorithms in the literature, output of a commercial product, a baseline NBC algorithm, and the algorithms proposed in this paper. The details of these algorithms are as follows.
• Product: contact detection results of commercial product Perception Legacy with manually adjusted contact parameters in the software [2] ;
: the implementation of a probabilistic contact detection method based on the foot extend point height and velocity proposed by Miezal et al. [24] ;
• NBC: basic Gaussian Naive Bayes classifier for body and foot contact detection as a baseline for the Naive Bayes methods;
• WNBC: weighted NBC with fitted likelihood functions that depend on the dynamic level of human motion and customized posterior probabilities according to feature physical characteristics, without online model adaptation;
• AWNBC: in addition to WNBC, it uses the personalized real-time contact data to online adjust the model parameters, which is the final algorithm;
• AWNBC-reprocessed: offline reprocessed AWNBC contact detection results according to Section VI.A; As for the metrics of contact detection performance, they vary in different applications in the literature. In gait analysis, the contact detection results are usually compared with the ground truth results from force plates in terms of gait phase and detection delay. In PDR and previous motion capture studies, contact detection performance is typically evaluated by global translation errors. In this study, we assess the contact detection performance by directly computing the detection accuracy according to the contact status ground truth. In addition, we also evaluate the contact detection timing through in-depth analysis of the misjudgment period types of the detection results.
B. CONTACT DETECTION RESULTS
The contact detection accuracy of the body-ground and footground contact are presented in Table 3 , where the bodyground contact detection accuracy is listed in front. Generally, the body-ground contact detection accuracy is higher than the foot-ground contact detection accuracy for most scenarios. The commercial motion capture suit used in this experiment has the lowest foot-ground contact accuracy of around 90% for the testing dataset. The reference algorithm in the literature produces an overall accuracy of 93.6% and 92.4% for body-ground and foot-ground contact detection for the testing dataset. The baseline algorithm of NBC already has better performance compared to the Ref. algorithm with a body-ground contact detection accuracy up to 97.0%. This is due to the fact that more motion features are considered in the inference of NBC, especially GRF.
With the proposed WNBC method, the accuracy for the testing dataset surpasses Ref. by over 3% for body and foot contact detection. The online update mechanism helps to further improve the overall detection accuracy by around 0.4%, and the detection accuracy of body and foot contact are 98.2% and 95.8%, respectively. The AWNBC method achieves the highest real-time detection accuracy for every scenario in training and testing dataset. In order to better illustrate the detection performance, the foot-ground contact detection results in four scenarios are shown in Fig. 11 as an example. In order to verify the contact status reprocessing method proposed in Section VI.A, the offline reprocessed results of AWNBC are also given in Table 3 . An additional significant improvement in the foot-ground contact detection accuracy is observed compared to the real-time results, and the foot-ground contact accuracy is as high as 96.5%. This proves that the reprocessing method can improve the contact detection accuracy to obtain a better online adaptation process.
Moreover, in order to verify the rationality of the decomposition of the contact detection problem, we also calculated the foot contact detection results without applying body-ground contact constraints, which are listed in the brackets of AWNBC and AWNBC-reprocessed in Table 3 . It can be seen that these results are slightly worse than the results with constraints. Since the body-ground contact detection accuracy is undoubtedly better than the foot-ground contact detection accuracy, it is reasonable to use the body contact result to provide additional information about the foot contact detection.
C. MISJUDGMENT ANALYSIS
In addition to the overall contact detection accuracy, we further analyzed the misjudgments in the results in terms of contact detection time. We treat a period of time with the same contact status as a contact or off period, and a period of time consisting of the consecutive misclassified frame(s) as a misjudgment period. All the misjudgment periods are categorized into six types: contact-delay, contact-early, contactmissing, off-delay, off-early, and off-missing, as illustrated in Fig. 12 . Contact-early misjudgment means the detected contact time occurs earlier than the actual contact time, and the time difference τ is less than the threshold τ 0 = 0.3s (30 frames). In a contact-delay misjudgment, the detected contact time occurs later than the actual contact time within a certain time difference τ 0 . Contact-missing misjudgment is a period of time that is isolated or lasts longer than τ 0 , where the actual contact status is misclassified as off-ground. By analogy, we can also define the off-ground related misjudgment period types. Among these six types, contact-early, off-delay, and off-missing are false positive cases, and the other three are false negative cases.
The AWNBC misjudgments break-down statistics are given in Table 4 . Four metrics are calculated for the analysis: the frames per misjudgment period (FPMP), misjudgment the period percentage (MPP), the misjudgment frames per contact (MFPC), and the misjudgment frame percentage (MFP), 
Based on the results obtained, contact-delay is the type of misjudgment that most likely to occur (with a probability of about 30%) in the proposed method for body and foot contact detection, and contact-early has the least chance of occurrence (less than 10%). Contact-missing and off-missing misjudgment periods have a slightly higher FPMP value, but these periods are still very short, and most of them may be detection noise around contact switches. In general, all six misjudgment types contributes to the misjudgment frames in the foot contact detection. According to the total MPP value of 121% in the foot contact detection, each detected contact/off period is likely to be associated with approximately one misjudgment period, and on average this misjudgment period lasts about 3 frames (0.03s).
In addition, the feature contributions of all misjudgment, including false positive cases and false negative cases, are calculated and presented in Fig. 13 . For body-ground contact detection, total GRF and body height are the features that lead to a misjudgment of contact when the body is actually off the ground. For false negative cases, the major error source is the foot velocity. This may be due to the inaccurate estimation of foot kinematics during contact in large dynamic movements. On the other hand, for foot-ground contact detection, the foot GRF contributes the most to false positive cases, where contact cases are classified to off-ground due to wrong GRF estimations. Inaccurate measurement of foot acceleration is the main feature that causes misjudgment when the foot is off-ground.
D. DISCUSSION
The experimental results quantitatively verify that the proposed AWNBC method is effective for ground contact detection in inertial motion capture. Although the model is trained with only basic locomotion data, the performance on the entire testing dataset of various movements is less than 2% worse than the training dataset. Since it is difficult to construct large contact dataset automatically, the proposed model is promising to achieve good performance with limited training data.
With the proposed online adaptation strategy, the AWNBC has an improvement of around 0.4% in the overall detection accuracy compared to WNBC. Considering that the contact detection accuracy of WNBC has exceeded 95%, the improvement from WNBC to AWNBC is still acceptable, although not significant. Since both AWNBC and WNBC algorithms are capable of performing real-time motion capture calculations at 100 Hz (frame rate for motion capture), the additional complexity of AWNBC does not sacrifice computational performance. Currently, all motion data in the training and testing dataset are all collected using the same motion capture suit. In the future, we will apply the proposed method with other inertial motion capture suits for further validation of the adaptability.
According to the misjudgment analysis, most of the false classification occur around the contact switch within 3∼4 frames. There are more contact-delay cases than contact-early cases, as it usually takes some time after the initial contact to reach the zero velocity condition. However, for the foot off-ground transfer, the foot usually begins to rotate slowly before actually leaving the ground. The foot kinematic features are sometimes not clearly differentiable within a few frames before and after the foot off-ground transfer. Therefore, the off-early and off-delay cases exist in similar amounts. Currently, the proposed method considers the contact detection as a single-frame classification problem, but it may be worth to try to break the independence assumption and consider the probability dependence of past frames in the upgraded contact model.
Finally, the proposed method has great potential to be extended to other scenarios than foot-ground contact. For multi-level scenarios, such as stair and slope walking, the proposed method can be easily applied by eliminating features associated with foot height in the probability model. Other kinematic features (such as velocity, acceleration, sensor impact, etc.) and dynamic features (such as GRF and ankle torque) are still valid. As for the body contact location, only foot contact is currently discussed. In single-level scenarios, contact between the ground and other body segments, like hands and hip, can also be detected using the proposed method. Multi-contact problems with contact other than the foot may encounter GRF redundancy issues, and the calculation of multiple GRFs becomes complex optimization problems similar to formula (10). Finally, multi-level multicontact problems are more challenging, where kinematic features such as height, velocity, and acceleration will fail, and dynamic calculations are very complicated. Multi-level multi-contact detection will become a future research topic for high-quality universal motion capture.
VIII. CONCLUSION
In this paper, we propose a new probabilistic method for the contact detection between human body and the ground in inertial motion capture. The contact detection problem is formulated as a weighted Naive Bayes classification to integrate various uncertain estimations of human motion features to achieve reliable contact detection. Several kinematic and dynamic motion features are selected based on physical analysis of contact as observations, and the feature values are calculated based on human motion modeling in the inertial motion capture. The probabilistic model of their relationship with the contact status and their weights in the classification is trained from a collected contact dataset. In addition, an online update method for model parameters is developed to make the model better adapt to different subjects and sensor setups. Quantitative evaluation shows that the proposed real-time contact detection method can achieve an overall accuracy of 95.8%.
